Attempts to develop efficient and environmentally friendly building energy systems have led to modern complex energy concepts for buildings, which have consequently initiated a need for new control strategies for them. Multiagent control, which is known with other names like agent-based control, offers a promising solution to this challenge. To the knowledge of the authors, there are 96 platforms for multi-agent systems in different programming languages available, which are mostly java-based and mainly used in logistic applications, but there is no platform in the modeling language Modelica, which is widely used for simulation of dynamic systems, especially buildings performance simulation. This lack motivated the authors to develop a platform for agent-based control of HAVC systems. The platform eliminates the dependency of models developed in Modelica on an extra interface, which is usually required to couple the models to the platforms written in any programming languages other than Modelica. This paper presents the structure of the platform and explains how the agents' communications work. The flexibility of the optimization objective is ensured through the definition of readily interchangeable cost functions. The applicability and functionality of the platform are proved by applying the platform in the control of building energy systems examples.
Introduction
The amount of energy used for heating and cooling in the building sector is about one third of the total energy consumed in the world. The finiteness of natural energy resources on the one hand, and the ever-increasing demand for energy in the world on the other hand, necessitate the development of systematic approaches for improving the efficiency of building energy systems as well as minimizing the usage of primary energy resources and the damaging impacts and harmful effects on the environment (Sangi et al., 2014) . Taking into account that renewable energy sources for the building sector such as photovoltaics, heat pumps and combined-heat-and-power units are becoming profitable, such components are installed in private and commercial buildings with increasing quantity. Often more than one of such components are operated in parallel to increase cost effectiveness and the security of supply.
Consequently, the complexity of building energy systems has severely increased in the recent past. Therewith the need for controlling concepts that can handle such complexity has arisen. Besides concepts like ModelPredictive control and Artificial Neural Networks (Afram and Janabi-Sharifi, 2014) , the concept of agent-based control realized through Multi-Agent Systems (MAS) promises good results in the area of HVAC control (Huber et al., 2015) .
Multi-Agent Systems were successfully applied in the areas of logistics and telecommunication in the past (Verein Deutscher Ingenieure, 2010) . Inherently this concept is suited to solve complex control problems and is therefore predestined for the control of complex energy systems. For the development of such systems, tools for multiple programming languages and programming environments are available (Allan, 2010) , but not for the object-oriented language Modelica.
Modelica is a modelling language commonly used for the dynamic simulation of thermo-hydraulic systems. It is receiving growing attention in the use of modeling and simulation of building energy systems, as recent studies indicate: In (Wetter et al., 2014) a Modelica library for the simulation of building energy systems is introduced. (Ali et al., 2013) , (Perera et al., 2016) , (Sangi et al., 2016) and (Fuchs et al., 2016) use Modelica in order to model, simulate and investigate in building energy systems as well as district heating systems. MAS will play an important role in the control of future building energy systems (see 2.2). Consequently, a Modelica library for MAS will be needed.
In the course of this work a library for the agent-based control of building energy systems in the modeling language Modelica is developed, implemented and finally validated in a case study. The library allows "plug-andplay" implementation of MAS into any model of a building energy system in the Modelica environment, thus allowing the investigation in agent-based building energy system control through dynamic simulation. It depicts a solution that through UDP/IP-communication can be run on distributed machines, enabling the user to integrate both software and hardware into the optimization problem. Furthermore, the cost functions can be changed without interfering with the agent system leading to a flexible solution in which the individual user can optimize their energy system for an individual optimization goal with only In the following an overview on multi-agent system is presented and the system structure is described. The developed library for agent-based control is also introduced following by an example that demonstrates the application of the library in building energy systems.
2 Overview on Multi-Agent Systems
The Concept of Agents and Multi-Agent Systems
Agents The concept of agent-based control is a concept which allows to control complex systems by splitting the main objective of the system into smaller objectives which so-called agents try to obtain by interacting with each other. Although the concept is widely spread in the scientific area, especially in the field of computer science and information technologies, there is no unified definition of the term agent.
After the term first appeared in the context of a dissertation in 1985, in which the term agent is connected with the attributes of autonomy and problem-solving behaviour (Rosenschein, 1985) , further attributes such as proactivity and the ability to work towards higher goals (Wernstedt, 2005) , the ability to perceive the changes of their surroundings and to react on them (Divenyi, 2013) , the ability of rational calculation and organization of actions to achieve higher aims as well as permanent activeness (Kirn, 2002) , socialness and truthfulness (Bellifemine et al., 2007) were defined by various authors.
In VDI 2653 agents are defined as encapsulated entities, hardware or software, with specified objectives. An agent attempts to achieve these objectives through its autonomous behaviour, in interacting with other agents and their surrounding. In addition, several characteristics such as autonomy, scope of action, interaction, encapsulation, persistence, goal-orientation and reactivity are defined.
Multi-Agent Systems VDI 2653 describes Multi-Agent Systems (MAS) as a set of agents interacting to fulfil one or more tasks. Bellifemine describes MAS as entities that can model complex systems and introduces the possibility of agents having common or conflicting goals. These agents are able to interact with each other both indirectly, by acting on the environment, or directly via communication and negotiation. Depending on their task they may cooperate to reach a common goal or compete to achieve their own aims. (Bellifemine et al., 2007) An MAS can be used to control complex systems. One advantage over a holistic control concept is the possibility of splitting the often very complex control problem into sub-problems and -tasks and dividing them between the agents. This approach is beneficial for the developer as the analysis of those sub-problems is more accessible than the analysis of the holistic problem and thus also the implementation of the systems solving these problems. Furthermore, an agent-based approach has the advantage of being more easily adjustable during the runtime of the system as new agents can be implemented and added to the system. (Kirn, 2002) . In recent years the field of energy generation and distribution has become much more complex due to the increase of renewable energies and the concept of smartand micro-grids. MAS depict a promising technology to control the described energy systems.
Use of
Regarding the use of MAS to control classical smartand micro-grids, i.e. systems which generate and distribute electricity, a lot of research has been conducted (for example (Jiang, 2006) , (Kok et al., 2012) , (Kuznetsova et al., 2014) , (Ye et al., 2015) , (Karavas et al., 2015) , (Khan et al., 2016) , (Radhakrishnan and Srinivasan, 2016) , (Rahman et al., 2016) , (Xydas et al., 2016) , (Ansari et al., 2016) ). However, also the use of MAS for complex energy systems for the generation and distribution of heat or cold, such as building energy systems, HVAC systems and district heating grids, has recently gained growing attention.
In (Huberman and Clearwater, 1995) a market-based MAS is used to distribute warm and cold air in an office building. The system uses a double-blind auction procedure in which agents bid to buy and sell warm and cold air. The auction is managed by a central auctioneer. Experiments with a real office building show an even temperature distribution in the building without leading to excessive actuator movement. (Qiao et al., 2006) introduces an MAS which combines the control of a building energy system with user interaction. The system is built of personal agents, local agents and central agents. Personal agents act as teachable assistants which carry personal user information, such as preferred room temperature, humidity and the current location of the user. Local agents act as mediators, policy enforcers and information providers. The tasks of the central agent are decision aggregation and interfacing services.
A similar system based on personal agents, local agents and central agents is used in (Yang and Wang, 2013) . Personal agents are developed to predict user preferences by learning their behaviours. Local agents act as mediators, information providers, decision makers and control executors while the central agent facilitates collaboration be-tween the local agents while regarding the overall system goal. The functionality of the system regarding effective control of the building energy system while satisfying occupants' demands is proven with simulations and case studies.
In (Wang et al., 2011) a system using only central and local agents is used. The central agent contains the main intelligence of the system. It calculates set point of temperature, illumination and humidity based on user preferences and outdoor information using particle swarm optimization. The local agents use fuzzy controllers to control the actuators in order to reach said set points.
In (Wang et al., 2012 ) an indoor energy and comfort management system based on information fusion and a multi-agent control system is proposed. A multi-agent building control system with particle swarm optimization is built to achieve the smart building control goal, which is to maximize the comfort index using minimum power consumption. (Davidsson and Boman, 2000) uses an MAS consisting of personal comfort agents, room agents, environmental parameter agents and badge system agents to control temperature and illumination in a building. Following simulation results, the system is able to reduce energy use while maintaining user satisfaction.
In (Mokhtar et al., 2013) an already existing MAS for building heat distribution control is updated with an ARTMAP, a type of artificial neural network with learning capabilities. Simulation results show the proposed intelligent MAS is able to maximize the use of a ground source heat pump effectively by profiling, predicting and coordinating its usage with other energy resources. (Mokhtar et al., 2014 ) uses a similar MAS based on ARTMAP to control a building energy system based on learned user preferences. Simulation results show that the system provides better energy control and thermal comfort management than a reference rule-based MAS.
In (Hurtado et al., 2015) an agent-based approach to optimize the interaction of smart-grids and building energy systems is developed. Particle swarm optimization is used to maximize comfort and energy efficiency. It is shown that the operation of the building energy system with the MAS allows the support of the voltage control in the smart-grid.
(van Pruissen et al., 2014) presents a solution based on electronic market principles called HeatMatcher. HeatMatcher is a P2P system based on PowerMatcher (Kok et al., 2012) , which is a general purpose coordination mechanism for balancing supply and demand in electricity networks. The system features trading of heat on two different time scales depending on the inertia of the components involved in trading. The MAS is tested with a floor heating system connected to a heat pump and a boiler and shows more energy efficient operation than a reference centralized controller.
In (Huber et al., 2015) an MAS based on consumer agents and supply agents is introduced. Consumer agents recognize heating or cooling demands and request them from supply agents. Supply agents estimate the corresponding costs. The control of the energy system is governed by negotiation between those agents. The system is tested with a hardware-in-the-loop test bench consisting of a central air handling unit and four rooms. Results show basic functionality of the system.
The developed MAS within the course of this research offers a flexible approach to the control of building-energy systems. The MAS can, without any adaptation necessary, be applied to any building energy system in the simulation environment of Modelica. With only minor effort it can also be used to control any energy systems, e.g. electrical grids or district heating networks. Furthermore, the MAS can also be used for real life applications beyond the scope of simulation thanks to agent communication via UDP/IP network protocol with only minor adaptation to the real life building energy system necessary. Moreover, the separation of agent logic and cost functions allows changing of the optimization goal for each individual user without interfering with the agent system and empowers other developers to design own cost functions for their individual optimization goal. To the best of the authors knowledge, no other MAS offers this functionality.
System architecture
In the following sections the roles of different types of agents, the system architecture, and the communication architecture of the Modelica library will be discussed. Figure 2 . Cascading of the agent system with the help of the intermediate agent
Fundamentals
The agents are designed as state machines, which is a type of event discrete system, meaning that one agent can take on one state and change to a different state when a transition condition becomes true. For the implementation of the state machines, the Modelica StateGraph library (Otter et al., 2005) (Thiele and Bellmann, 2015) . The UDP/IP standard allows communication outside of the simulation environment of Modelica, giving the opportunity to operate agents on different machines and potentially hardware-in-the-loop simulation. As UDP does not guarantee message delivery, measurements to guarantee delivery are implemented on the application level. Figure 1 shows the structure of the MAS. The system is a partially centralized market-based approach in which capacity adjustments of heat and cold are traded. There are four different types of agents in the system: room/consumer agent, producer agent, intermediate agent and broker.
MAS structure
Room/consumer agents represent entities in the system which require heat or cold for their proper functioning within a building energy system, for example rooms, storage tanks or lab equipment which requires process heat. Their task is to estimate a need for heat or cold and to make a corresponding request to the broker. Room agents use PID controllers to calculate a capacity request from a deviation between the current room temperature and the set point. The set point and an allowed deviation from the set point can be set for each individual room agent in the system, allowing the occupants of the room to adjust the system according to their needs. Consumer agents can use a variety of strategies to determine the capacity request.
Producer agents represent entities in the system which supply heat or cold, for example boilers, CHP units, heat pumps or chillers. Their task is to sell heat or cold to the broker and to adjust capacity when a deal was successfully made. In order to make an offer, they use a cost-function which matches a capacity adjustment with a corresponding price. The cost function is exchangeable, rendering the optimization of the system performance towards different optimization goals possible.
Intermediate agents are a hybrid of producer agents and consumer agents. They act as a consumer in one market and as a producer in another market. They can represent heat exchangers in building energy systems. With the help of the Intermediate agent, cascaded energy systems can be controlled with the MAS system.
The broker is a purely virtual agent and is not connected to any physical entity of the building energy system. It facilitates the trade of heat and cold by collecting requests from room/consumer agents and asking for offers from Producer agents. After collecting all offers, it chooses the most cost effective supplier and requests a capacity adjustment.
Trading procedure
In the following, the working principle of the whole controlling process will be explained. The room agent notices a temperature which is out of a certain range around the set temperature and decides to take action. It sends a heating or cooling request to the broker asking for a certain surplus of heat or cold during a specified period of time. The broker waits for requests of other rooms for a certain time to bundle individual requests to one big request. When a specific waiting time for more requests has expired, the broker calls for proposals from each of the producer agents. The producer agents check if they can supply the requested amount of heat or cold and calculate a corresponding price with the help of a cost function. Afterwards, all producer agents send either an offer or a refusal to the broker. Based on these proposals the broker chooses the best offers and calculates a price for each request from the room agents. This information is sent to the room agents which confirm their request. Based on these confirmed requests, the broker then decides which offer is best-suited for the corresponding request and sends out "accept offer" or "reject offer" messages to the producer agents. Producer agents that received "accept offer" messages adjust their capacity accordingly. The communication procedure between the broker and the producer agents follows the FIPA Contract Net Interaction Protocol specification (FIPA, 2002c) .
The intermediate agent is important for the flexible use of the agent system. It allows the cascading of the agents and the interconnection of different heating circuits. In the case of Figure 1 , the Intermediate agent communicates as a producer to the lower broker and as a consumer to the upper broker. Thereby the two producers in the upper circle can be addressed although they are not part of the same heating circuit. Two examples of the use of the intermediate agent are shown in Figure 2 . On the left-hand side of the figure an HVAC system is described in which each room has a heating and a cooling register. The broker mediates between the room agent and the two registers. As the registers need to be supplied with cold or heat themselves, they are each represented by an intermediate agent, that ensures their supply by buying heat or cold from superior markets. On the right-hand side an HVAC system is described in which each room has only one heating device and no cooling device (common European residential building). There are, however, two temperature circuits with different temperature levels. These circuits surround a heat exchanger represented by an intermediate agent. In case of capacity shortage in the warm temperature circuit, the hot temperature circuit can act as a heat producer by transferring heat via the heat exchanger.
Cost functions
The cost functions are used by the producer agents to calculate a corresponding price for a requested capacity adjustment. In the Modelica Library, producer agents and cost functions are separate components, which means that the cost functions are easily exchangeable, depending on the optimization goal of the MAS. In the library cost functions depending on fuel cost, exergy loss and primary exergy loss are available. For demonstration purposes fuel cost functions are used in the following as these depict the simplest form of available cost functions. The functionality of the exergy cost functions has been proven in (Bünning, 2015) .
In the case of fuel cost functions, the cost per hour of operation of a heat/cold producing entity is calculated as following:
In which cap represents the capacity,
denotes the cost per hour as a function of the capacity, p stands for the price of the fuel per kWh and η for a representative efficiency factor of the device. The costs for a capacity adjustment follows:
With the help of the calculated ∆C h , producer agents determine the costs of a capacity adjustment and make an offer to the broker.
Modelica HVAC Agent-based Control Library
In the previous sections the development of communication and logic concepts, agent behaviour and cost functions have been illustrated. These aspects are combined and implemented in the Modelica programming language resulting in the Modelica HVAC Agent Library. Figure 3 shows the structure of the library. It features six different agents for the creation of MAS to control building energy systems. For the producer agents, cost functions with different calculation methods based on fuel costs, exergy and primary exergy are available. The fuel cost functions are applied within this study. The other cost functions have been defined in order to be used in an ongoing research project which aims at developing an exergybased control strategy for building energy systems. Furthermore, the library offers an example agent system with two room agents, one broker and two producer agents, which will be discussed in the following section. Each model of the library is documented regarding its use and function and has its own icon.
Besides the HVAC related agents, agents implementing a book trading example in reference to (Caire, 2009 ) are included as well as examples to demonstrate agent communication between two different machines.
Case study
A scheme of the system under investigation is shown in Figure 4 . The system consists of two rooms, each equipped with a convective radiator. The rooms are connected to weather data from the 2012 Test Reference Year. Furthermore, the system features two heat supplies, a gas boiler and an electric heating rod. The heating rod can be run on electricity from the grid or on electricity provided by an additional PV panel. The gas boiler has a maximum capacity of 3 kW and the heating rod of 2 kW.
Both rooms are equipped with a room agent. Both heat sources are equipped with producer agents. To complete the MAS, a broker is used. As cost functions, the fuel cost functions are used with parameters shown in Table 1 . Additionally, the cost function of the heating rod is connected to a sensor which measures solar radiation. When solar radiation reaches a value of 310 W m 2 , it is assumed that sufficient electricity is provided by the PV panel and therefore considered free of charge. Consequently the fuel price for the heating rod becomes zero. Besides the control via the agent system, each thermal zone is equipped with a PID controller and a valve, which allow the control of the room temperature to a limited degree.
All physical components of the system are taken from the AixLib library (RWTH-EBC, 2015) . The simulation is executed on Dymola 2016 (Dassault Systemes, 2016) . 
Results and discussion
The system was simulated for 28 days with the weather data of the month of February of the 2012 Test Reference Year. Figure 5 shows the behaviour of the outside air temperature during the simulated time period. It can be seen that the temperature ranges from +15 • C to -8 • C. The data therefore offers situations of both high and low heating requirement for the simulation. Figure 6 shows the trend of the air temperature in both rooms. The set point for the room temperature is 20 • C. It can be seen that the temperatures are kept at a satisfactory level between 19.5 • C and 20.5 • C during the vast majority of time. Between these temperatures, the control of the room temperature is governed by the PID controllers and valves.
As soon as the room temperature reaches 19.5 • C or 20.5 • , the system leaves the control range of the PID controllers and the room agents become active. In case of 19.5 • C further heat is requested by the agents, in case of 20.5 • C a reduction of heat supply is requested. It can be ascertained that the reaction time of the agent system is sufficient as the system rarely crosses the threshold temperatures. Figure 8 shows the capacities of the boiler and the heating rod, which are solely controlled by the MAS. It can be seen that the capacities vary based on the current heat demand of the system. The figure also shows that the heat supplies are used less during the first third of the month, when the outside air temperature is generally higher. It can further be seen that the boiler holds the greater share of both heat supplies as it is mostly more cost effective. Figure 9 shows a detailed segment of the heat supply capacities between day 4 and 7. Figure 7 shows the corresponding activeness of the PV panel which determines whether the electricity for the heating rod is considered free of charge. A comparison of the figures shows the effect of the different electricity prices on the MAS behaviour. When the heat supplies first become active between day 4 and 5, it can be seen that the heating rod is only used once the PV panel is active. In the middle of day 5 the heating rod is switched off as the electricity is not free of charge any more. Shortly afterwards, the heat supply is increased by the boiler as the PV is no longer active. When the boiler reaches its maximum capacity in the first third of day six, the heating rod is switched on, although the PV is inactive, as the boiler is not able to supply more heat. It can further be seen that the other active PV times, apart from the long period on days 4 and 5, are not used to the fullest extent as no heat requests are made during these times. Agents used to specifically survey PV activeness could be introduced here.
The functionality of the system was validated in the simulation. However, the MAS can also be used to control real life applications because the agents communicate to each other beyond the border of the simulation software framework as they use a UDP/IP protocol to communicate via an Ethernet network. An example for this functionality is provided in the library. It shows the user how to run an MAS on distributed machines. Such a distributed MAS offers much higher reliability compared to a central control as the system is still functional in case an individual producer or consumer agent fails. This means that each entity in the energy system (e.g room, boiler, etc.) is connected to one computer on which the corresponding agent is running. Communication between agent and device needs to be developed individually as each building energy system device has a different software interface. If another entity is added to the system, it can be integrated into the building energy system control with minimal effort by setting it up with its own agent and introducing the agent to the broker. The concept is therefore highly flexible and convenient. The results show that the MAS is able to maintain a system variable within margin while reducing the effort in accordance to an optimization goal (in this case fuel price). Although the system is developed and tested for building energy simulation, it can be used and extended to optimize any system in which forms of energy are distributed between components, such as chemical processes, district heating systems and electricity smart grids. The interchangeability of the cost function supports this diverse application as any developer can set up own cost functions for their needed domain.
Conclusion
A Modelica library for the agent based control of building energy systems was introduced. The structure of the Multi-Agent System was explained and the roles of different types of agents were discussed. Furthermore, the trading procedures of capacity adjustments and an example of a type of cost function were introduced. The MAS was tested with an example of a building energy system in the simulation environment of Dymola. The results have shown that the system is capable of keeping a satisfactory room temperature while selecting the heat supply with the most cost effective way of generating heat. The library provides a flexible MAS that can be applied to multiple domains in the energy field due to exchangeable cost functions and that requires minimal implementation effort. Moreover, UDP/IP communication between agents software environment allows real life hardware application in the form of a distributed agent system. Future research will be dedicated to the development of model-predictive cost functions and the application of the MAS to smart district heating grids.
